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Figure 1 (Color online) Framework of the proposed IHGCN. IHGCN contains the item feature module and user preference

module. The item feature module learns feature representations of items based on GCN, while the user preference module
uncovers the user preference by integrating the global and local preference of users

R ATIERAT 5. T2, VMR R4 B8 il — 3855, IRV 2 R A Tk 5K
FRIE.

FE R 2 1EHERE TAE S, Ttem-KNN 7 A8 F [R5 g 0712 B fif e 2 U HE4 ) RL. Ttem-KNN
BT S b HAd R ook P P I 2 B DR, M AERR SR P . T 552K T K (Markov) BER 31
AR 02181 i N — AR IR 0 A A T 4 IR, R A 1 21 v 73 S8 it - A
BFROTTAR. AR, RIS IR i e B 4% BRI BE . GRU4REC M B IRAE 23 1 4k
FE P I A2 /N 2% (recurrent neural network, RNN) 12161 CHy £ 78547 (4R . 7R IE Rl - 22
JERHIHL (multilayer perceptron, MLP) ARV 2 FIHLHI 4 51 AN B2 iE 4 17181 SCilik 19, 20]
ST 4r9% RNN. RNN-KNN 2 ZESRECY BT 2205 B F 2 O 2 o 38900 1 40 fs 23 08 B R P . 3x 267
VR R ASE PR REURSE P52 3 = L it B A AAE ) B, R0 T AR ) 70 ) TR 22 e

IR 4 22 SCHL T BSE R A5 B A4, RIS LI RCR. NGCF 23] Al Light GON ] K 5]
PREE I 2% 5] NBIHEFEAESS . NGCF AR F R i 18] £ B[R] 50 /A2, (8 GON SR EUH U ARFAE
HIPE FARFAE. LightGCN /& NGCF KR SEAGRCA, Bt 728 O PR AR R b R AR B 7V, T4 T
SRt FE. AESUEHERE T, SR-GNN P4 B B 28 X 25 B — AN i il 52 B P SR A R i R 46 4. B2
A A B P PR T T R 1, B T it ] [ A R SRR

ST, AR T Mo s B R 2 E R BN, IR A 2409 THGCN (interactive and his-
torical graph convolutional network). Ffrfg 77V FIHESE W] 1 Fros. i RLP2 88 7 i A2 28 BT 5]
AR RE S AL B S R, R B AR I 2 2 ST I H BORFIE RO, 3k — DR Dy R 1l R 115 31 2
RN, AIEAESE B bR, BARRSRYE, Prig i THGON A8 i R A B HON ) P B A .
st RIS R 0 7 o 1 ) S8 LA JR o 21 49 BB B OB AE R s . SR A R o A AR R B0 0 SR A ELAS
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HEB FEEREE B 528 6

B R ENEE—E P EASCHE. B, WA BT YN L-I-Is A L-I-1, B2ifd,
Fidh I3 5 L WP B RN L-L, WA, i I; 5 1 AW Re RABORICEL. 1 B4
bR ECH T SRR, T R TR AS R P 45 A AR BT A IR B DG HOC &R, FE T A5 AR R 28 I o 2% 5] 15
FIFSRRAE. AL, THCG M T ¥I(E 8 23 mh A i o B2 R IE A BB R 45 10 3% 25 R . N T
SR AR P R AE, P i SR A T R A R AR AR AN R S R AT REAE. S T A2 4
JRARAE, PP i A 51N T R AE 4 FE S I AR B v = oL, 22 Akl S R AE Il B 2 &, NS i 7
FI AR R S AE S 2 S AR B P B4 R R G RRAE . P B S e A AR AE E 24 BT 2 1l R o A L
WRSE. ), T HETE S AR YR 1S 2 00 7 S AR AN P R AR AE R A Softmax BRIEIRTE. A T IRAEAT
Pt T IETE UG HEAT 55 R I PERE, ASCTE 3 N AR T 7SR50 B, B Yoochoose
54 . Diginetica IR Globo FIELE. HEHHITIEM L, ARSIt 7772 THGCN HUf5 T bk
(1 RE, B T HA R

PN EIERE S S

(1) A SCHR S — M S £ R B0 THGON, 255558 1 0 i R A0 38 FLAZ B I sh &2 HLAZ
B, DU P B4 R iR R S R L. X g G AT S 5 1 R S ESHE  s A BLAE B
TAE.

(2) A SCHE H H 7 28 T S0 55 it 2 1) (1 Wb ] 5% 8 4 S 7 1 A P, B B o i b Al SRS i 2
A [ R AR

(3) ARSCHR H B I R R 4 B S (R AR B35 Y T L R 2 138 v R R SRR ALE, BT R IEAS R 4 P A
B2, FERG BOR a8 BAF B SIS0 FH P i - FRAE KR

ASCVHL RN, 55 2 WA A DG TAE, A& T b HEE A 2 2 P 4. 7E26 3 i,
BATE VRN AR ST 7. M ORSEIR 45 AN TESS 4 TR . a, 5 5 T AT
TR,

2 MExI{E

A (] A5 — 1 2 i HEFE R 20 P 245 R DG AL ARG AR 3 RN 4, o0 il 2 iEHERE AT ]
FHEER A 2%
2.1 RiFHEE

Ttem-KNN (7} FlHE R4 i (25~27) J5 00 Pl R AR UG HEAFAT 55 Ttem-KNN J7v i ety il ih 5
P vt PR 2 EL R B8 {8 P 5 R O o S e - ) P 4% 52 {18 P88 2 7 ot 1) (KD RRVBA A, B S HEE 5 2 il B
A2 EL T AR AR T . R B A A B 2 13 5 T o 100 58 TELHE R 0 i R 2 U ) A TR R B R T o ()98
TE R F-RE R, A8 3 28 L 40 AR A v s A DR 1 [ R R BB A o P . B e — L AR IR R A
FH By 7R AT FAE A R 2 TE A ) (120181 1 JRAT SR BE B R T —ANIRAS IR 43 A A R T 24 Atk
A XL E AN T 2l S O P O R TR, AR MR v A2 AR P R

B R 2 =) 1280 [P RET, AN/ AR A P R 2 =) JERR R R TR AR AR Y . I e gy K
S R FH P i, 5 248 FH 28 SUJGH R B TR 45 SR . AR R Rk & F P R i, AHOCT VAT
YRS, IR P A R Am LT, B P R R, 41 GRU4REC M) Improved-RNN [29]
1 RNN-KNN 21 773, Improved-RNN 9] ZE7E RNN (958l Fab T8z om0, ph38 7 vt i s
HFFUK SN E] RNN BRI 15 2 [ BRGECIR A B A PR IFRFAE. 57— 2R 074248 F P R T,
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SN EE: JE T 20 T 1 it A DG T B ) PR AR 2 i 4 77

A R R AT -5 = 38 O 47 D R 1) A D FH P R A 300, 7 2R B4 Ry i i R e, L R O v
JE Al RNN AR 28 FL 81 2E BRIk A4S, 10 NARM 170, 55— fifydefat i RELRE 58 v 2 0 L) i
BT ST T i, 0 STAMP 18] Al SR-GNN 241, SR-GNN 5| A T [T LM% (gated
graph neural networks, GGNN) B i GONN A Al S AE . 8 A4E R 3w i i il R v, w5 R 5
R RNN FURDRL RS R ML, A 200t RNN AR B (350 43 78 5 A8 L 1 A2 B PR B otk 2
R I &, W NARM U7 55— 28076 A 16 55 — D, 40 STAMP 8] i SR-GNN [24],
BARIX LT AR SR S T R A I RCR, R T T T 2 T R T A AR R, T
—J5 T 2R T AR 1) 5 43 R IR DR 22 S

NI, AR RSB N T R 0 7 SRR AR S, AR v S B R R g SR AR FAE S, B T A v
AT P R A SR AR R O R I S TR T, I RO 248 5 200 1Y) A0 P8 ¥ T SO WL AT SRR A O B AN [ 4
FE Tk 2= k.

2.2 EHEMLE

ML, AN AR T U 52 H R 254 Hcdie 1019 RURFAE, e AT TS Y 10 Ak 2 P 2 g e (I — 3R
M2 LEFR BRI AU WA GBI E R 2%, GON B2 i S iR 35 s 4145 %
FMYEARIRIERE, i AT AR B A1 RURFAE 1) B AL A 0 R R SR R BN 4 o B AR JE R AL, Bz
R ARG AR AT B . GAT B3 (AVE S GON 8B, A PR pL ] 1 3 2 ) 4B & 1 A Al
BUE. AT GON, GAT 5 (K408 B AU @ iV B LIS 21K, BCERE Y mURFE AR AR 4, 1M
GCN 5 53 (4R JE AL [ € H. GraphSAGE B4 [ B INT sl pARJERHIE. A Tl 2RI, &
XTI AR AT RS AR, AR R [ B 4R &, AT AT BLNE I 2R, NGCF 1231 48
GCN SIAN THERE RS, CIER 578 S BAEFEAE SR EHERE, IFEH] GON AL R AR e AT i
REAE, F PR AE A A A2 ELI O S RFAE PR B 0, T R ALE R e A L (R P AR AE B . Light GCN 1P
fE NGCF LatA7 ek, fRE 7 GON &5 M 4B R X — 0%, & 38 7 GON IyIR&iiA#ie. K
AR LR X 2% 35 1 SR 25 M 2 )59 VRS AL, DRI T A SC 5N B AR 22 N 2% 0 At 2> 15 (0 I SRS AR
S, DASR S B FAO T 1Y R

3 FB&

AT EANA BA ST IR 2 TR HE TR 72, A o) AR . A AUME N DA B FAR S B 5 25
3.1 [oREiEIA

SRR BN SRS, AR, T = {1, ... Iy} FnEBE N ANESEAES. ]
WAFE—NKEAN L IR BT s = 51,152, .., 1s 1], Is; € T, 21EHEHFRIERPE s F2H
T 4D T ot T P O i, R T S AT A A T R s R p, G HEEMER RO kAN . AR
BB R 1 R,
3.2 1RAGER

AT THGCON J7EmnE 1 A, THGON AL 7 i SR AR BN F P fm i A e . 6 7 S
FEREER, THGCN 5 SRR v i 22 )77 58 -5 7 o (B A I [R) 5 R i) 2 4 R A v A 15 s B, R 5 I N BB AR Y
28 M\ AT A B A SIS B R AR IE R S, O T B RIS B, SN AR A 51 B
BEVERAE AN 35 PG AR X 28 2 A HH R AT A, AR AT S AR AE R s . T P I A A B A o i 7 P I 42 =)
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=1 HFSEX
Table 1 Definition of notation

Notation Description Notation Description Notation Description
T Item set H Session prefix set I Ttem
A Adjacent matrix of items D Diagonal matrix ay Weight
v Adjacent vector of items e Item feature vector Sg Global preference
Su User preference w Parameter matrix b Parameter vector
p Prediction probability L Loss function g Item node graph

E®) Output of graph convolution sy Local preference z Item score

s Item interaction sequence

i 40 Je Bl A 15 U2, A SE S A P 2 I . O 1 2R B A R e e, IR P R R Y R
HUAIARE FH R 55 FH P A2 E ) A 0 e b R 2 ST P (R0l e 10 P J 98 2 2 A2 18 o A2 EL I
FE Aty RPALE R ARG 1. 7 S RP AR AT P A RFALE, THGCN 51N T softmax JRAEHERREE AL

3.3 EmTaEE
3.3.1 SIERERFYSEmIERhEREME

W 2(a) Frow, FERUEERES, WA S EARRLLLERER, BV E R E —EH
v FEARABAE, DRI 7t 22 T8 0 B [ 5% 28 RT PR AT DX L P e o 58 B 17 SEOR B SE . R R AC L 52 9 b —
2SR RTS8 F 51, BIan: S20% sy = (L, I, 1), I; € T RKERN 3 B ML, B I3 1)
AT (I, ). Gk i s S IERTSR, TS M AR 5 2 1l T2 4
H = {h1,hg, ... hay}. IRAEUGRTSERANT AL, T LURAAE & AT 28 51 5 1 o R P [RIAER, P
B 73 A R AR L 2 T TP 2105 e et 3K [ E LA TR

3.3.2 FmePIEIErE

i 2(b) Fros, MR Fk e E AR R b s o RAT, AT LI E B AN R ah A R vy, € 2 Horp
|H| FRE TR B R, B2 AR XAR LU v B8 it TA) R B [RIAR AU . AR Bk ok R i —
AR G = (v, &), BIMEITS SO AR, B I O R it 1) AR BARE . 2 A P RS A,
A C RNV HHATAAELRR, b Ay FORER I M1 Z I FARLE, THEA T
vy, - vy,

A — ot hi
Y oo I

(1)

Hp . RoRmEANFIBHE, ||| BRBEENE. v, e RIS ERRRE M 1L SRR &, [HEYET o iids
(KRN, Tl By R 7 R A8 BT S R — s oA I IREL. Bk, Ay =1 Foni s I B BRI
AR,

3.4 EMmYFE

MRS S 19 S G S, AN A el it B AR N ZE (GON) AR BCRE S RFIE. GCN 1 — R
R
E*D = gen(EW), (2)
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v , !

he o hy bk - 1, L I ¥
DLl | g| [ o]0
|2 h ;

h h, hg  h, ! é ! N
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Figure 2 (Color online) Illustration of item node similarity. (a) Session prefix sequence and collaborative relationship;
(b) item adjacency matrix

Hr, E®) e RV*D RR8 k ZEIEBRIEH, D RRMHFRHE4EE, BEO R85 1 ZEERH
N, BTl R AR IR [ B BRI REL R, A B AR IR R A B I 2k S 2. A G A E H 38,
o 5% T A2 o v B 408 5 it T R RRAE, I R TR IBCE R I P R AE. A3 GON i BT AC
wr:

gen(EW) = DTAE®), (3)
Hor A e RVV RS A EIERE. D € RVN R—ASHAMERE, Dy = Y | Ay DA R
#r (Laplace) FEFEMI—FIE R, XABIEHERE A #4747 I —3RAE. A B W RFIE R A 0 T

k
E=Y oE", (4)
=0
K, E e RV*D SRR MAHIE. o > 0 NEE ¢ JZ BRI 0 i S AR AE 1) 2, A E o =
1/(k+1).

3.5 HAFPRE

AR RS s, BIE R FRE R A8 R A 2 Rl s, MRS RE s XHEE A1
s = [IS,1)IS,27 .. ~7Is,LL s € 87 ISJ' el. s Xﬁ@ﬁ"]ﬁﬁuﬁ'ﬂ%ﬁf?ﬂ?’ﬂ [61,62,.. .,eL], e, € RD I%ééﬁ%
R 28 4 PR el P i, FH P 4 T E B A 2R

S, =NOs;+(1—-m)O s (5)
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e R $iil 35 4 Ja i 1 M) 3 i e 1) B 50, AR B an R
n=o0(Wss, + Wys; + b,), (6)

Hrf, W3 e RP*P, W, e RP*P b, € RP Ron Al NS H. D FoRi i IE4ERE. © i Ar sk
g5 R, o NARZRIEROE . RN B P 2R REE s, FURFIRLF 5.
EEMmEF. ERMLF s, BN T RS H 2 AR, 20T

L
392271‘@61’, (7)
i=1

Horb ;€ RP FoRTRAZ IR AN SR & ML E S HEZE. Oy 1 2 R AL R & T AR 20 &, A SO A
PR A R AR AOAE FEEVE T L). S A, Tt S BB B M g ot FE PR ) — N R 3R R 2 e R i e £
AR E T AL E R, AT

Bi=0(W;1e, + W, 2er +b;), (8)

Z§:1 exp(8;) 7

Hr, B € RP. exp RRTEEREL. Wiy € RPXP, W, € RPXP b, € RP NREAACHFHI @ M

BT NASE. e; € RP, ep € RP J3 N fhAZ HFHIER ¢ AL E R b R AL AN 55 52 HLI0UFD 7o i

FHIE. D RN MRHIEAE L. BRIEN R BAZ AR A R, © VIR ARRISIR. o AR BRI
BBBAmEF. A SCH R B LS s, 9T b A58 T 51 o 8 L0 AR e A RS AL B

Yi =

S = e€yg,. (10)

3.6 NG SEEIIL

AR PR LTS, THGCN I P w i s, € RP FIAFTINGE & e; € RP N AFRAEE, AR
wr:

2; = sle;. (11)
ZJG, AAEH softmax BECRIFEAL M p € RY,
P = softmax(2), (12)
Horr, 2 € RN FRORPTA R TG i 9 PF7r. p e RY o FTA 4R T A ot o — I R R AR
AR AZ SO R % ek 2, AT

N
L(p)=— Zpi log(pi) + (1 — pi) log(1 — pi), (13)
i=1

Hri, p e RN RS I FI N — U i i i IR S0 SERER A, SEBR bt — A AT 2 1) &, BV
A AZ TP B — R i R ROy 1, FLAR R A ER O 0. pi 9 Re TN T i X PRI RE S AEL, BEAEE O
Bl 1. fefa, ASCE A Adam B2 (RALSS LA BT A P IN 2R 240
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*2 BWRESRIER

Table 2 Statistics of the used datasets

Yoochoose Diginetica Globo
Number of clicks 557248 982961 2111251
Number of training sessions 369859 719470 1316937
Number of test sessions 55898 60858 50422
Number of items 16766 43097 8617

4 Xy

KRATE S SRR BRIV Fa bR, R ERE T — RIS, SLIR SRS
PR i) 8t

o SEETTIIANLL, ITHGCN FHLUNfa?

o IHGCN HAN[A] B 11 Z 0 SR 30 ey 2

o AN[EJVE R B ) 556 RN LG ?

o Ul FRAN A B 7 2700 HE 3 25 SR 1 5 2

4.1 HIEE

ASAEH 3 NMATFMSIEHEIEEIEE: Yoochoose 4D . Diginetica F(#E 2 F1 Globo £i#s
£E3) . JUHRERTIALFE /715 % SR-GNN 24, Yoochoose #& 2015 4F RecSys Phi Z2 K EE 5, AR
14 FH 555 3. Diginetica /& 2016 4F CTKM k% 28 95 45, A R A2 5 SCF. Globo A& ELPEHT
1D sl Bt A, AR SC R A R S 31X 3 MR AR AR AT LAZE Wl b B R # ARSI IR A A
21 o R R PR 215 V) 40 N2 AT S A BT A, FE A AR O R R — AN b A0k
IIGUESE R /7755 SR-GNN 24 AH[H. BEErI gt 45 R W& 2.

Yoochoose. AICXZEIRAENAT 1 AL, IR 1 MG HILRE/NT 5 B .
e G, AR E 7981580 NG 37483 AN i, MR N B G — RIS, IR EAE
A 1) T 1/64 B TE] ST 1

Diginetica. BT FIEE Sk R B KR 1 LG IR ECNT 5 IR ST 1 g,
W IESE, ZEAR A 204771 AN UEM 43097 AR M. IS 7T RETSIEERINAEE, TIlgREE N FEI R
() HoAth 2.

Globo. ZHWEEMEHT 16 R EEHRE L. B KE N 1 WESIEMHBLIREUNT 5
T . U8, BURAE S 743892 NG 8617 AN M. MIREENEIG 5 RIS, IR R 4
() HoAt 2=,

4.2 LG *E

T U B AR SC R B VR AU, SRIR ok AR SRR T v S BLR 5 VAT T R
I3HT.

o POP. #3457 i 75 2030 45 7 1 HE B ATV B AT HEE 1 7 .

1) https://www.kaggle.com/chadgostopp/recsys-challenge-2015.
2) https://competitions.codalab.org/competitions/11161.
3) https://www.kaggle.com/gspmoreira/news-portal-user-interactions-by-globocom/data?select=clicks.
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o S-POP. 1% 7 VAR i i 75 7 i 28 L 41 At B AT AT i 47.

o Ttem-KNN U7l 1% 7 VLA RS i 58 ELF BP0 28 EL7 b R P e, 4 5 2 ARABA AR 7 i

o BPR-MF [, 1% 07 vEAf FHBEALES B2 B SR LA ont H Ar e 4.

e GRU4REC M. ZJ5 75 /# F RNN AbFH R 5 52 B P 51 A 1 ) Bk &S 76 8 B P O, 455 000U 75
AT PRI & AR Z T E I R

o NARM 7). %7721 7 ot 52 TP 510 4 Je i e R0 38 O 1) 28 1) A D P R, 42 R e
U & RNN K3 5 A8 H P 51 A2 BRI BRGEOIRAS, RS R AT & RNN KB4 7 i A8 HL P 51 A2 B Bt
RASME R B0, R0 5P 2 - -5 4 T v i 1 Y A

o STAMP 81 1% 753044 FH RS it A2 EL 7 510 4y At 4 AR J 38 O 7 14 28 o vy A D P P e, 4 00 i
U 2 s 28 EL 7 4 HR BT A R PR R D A I e RS i A 7 i 52 B B 1 e A EL T o, A T
il i P23 A2 P R G -5 A PO 7 o £ AR

o SR-GINN 4, %7758 F 5 i A2 5 510 4 Ja) Al - 0 Ja3 0 Al 4 140 28 o ) sV FHL P AR e, 7
FEHIEH GGNN B, AR s & 5 A2 7 A0 R BT A i e B I B =, R w2 /e @ A i
J 51 0F) 5 397 28 LT e, R TN P D 402 P P R 55 5 0N 7 & 11 P .
4.3  FFNEN

SAGHEEE A A EIR (Recall) FFAEEHEA (MRR) 1EAVENHE P HEFEROR. T, A
SCAEF T XA TR BRI A I (1 BE R B, Recall PEANHERE 1 S 75, 25 7 ol 28 L A2 AR
AN BLEHEEE R S R, A, SO R A, MRR PR HERE R A E Ay R S R I HER B L,
A P T 5 EL R B 68 IS 9 A it R IR AR S 7 o U B A R B 2 i 4 R, A e
N 0. QK FonERIERETIRMKE. SH8HHEC TAERMPEN 7% 0417 ARSCR A Recall@20 1
MRR@20 KP4 72 HA M. Recall@20 A1 MRR@20 HIHHE AR F:

QI

Recall@20 — — > hit;, (14)
Q| =
L el

MRR@20 = — Y —— 15
Q] ; rank;’ (15)

Hrh, Q) RRMEREE. hit; R ¢ FNMALEK N 20 SR A G, oo 1, B
0. rank; RN i FANATEKN 20 PR AIR B N RIHER, ok, AT
4.4 BHHRE

ASCAH ] python Al pytorch J& IR B4l )2 /2 TeslaV100, 32G AT A LR i Bk
IR 4R 2 150, BRVZHZEECN [1, 2, 3], 23134 [0.01,0.001], IEMALIH R BN [1e76, 5e6, 1e79],
ARLRVEWOE PR BN Sigmoid, YIZriE KN A 1024,

4.5 ST

ANTHGHE 3 AN LT SEIQ IR, BT U7 VE S AT VEIAT LW b, 3R 3 B TR
B ITIEAE Recall@20 1 MRR@20 FMERERIL. Hrh, tLETIT: POP, S-POP, Item-KNN, BPR-MF,
GRU4REC, NARM, STAMP 1 SR-GNN #£ Yoochoose Al Diginetica P/ ME#E4E FHI4E K E SR-
GNN 24 i 7E Globo ##fE4E ML REBMNIZITHEE]. ML RATLUE | THGCN 70U T8 AFi
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Table 3 Results of the proposed IHGCN and the compared methods on three datasets

Method Yoochoose Diginetica Globo
Recall@20 MRR@20 Recall@20 MRR@20 Recall@20 MRR@20

POP 6.71 1.65 0.89 0.20 2.27 0.55
S-POP 30.44 18.35 21.06 13.68 2.19 0.38
Item-KNN 51.60 21.81 35.75 11.57 17.28 3.23
BPR-MF 31.31 12.08 5.24 1.98 6.88 1.80
GRU4REC 60.64 22.89 29.45 8.33 30.24 8.97
NARM 68.32 28.63 49.70 16.17 36.70 13.86
STAMP 68.74 29.67 45.64 14.32 38.35 13.95
SR-GNN 70.57 30.94 50.73 17.59 45.62 15.64
IHGCN 71.62 30.56 53.35 18.62 49.38 16.49

PERERIL. FEVFAT TN Recall@20 b, THGCN f£ 3 MEHEAE HET AR KEEAET VL3 52T 1.5%,
5.2% F1 8.2%; fEVEMM#EN] MRR@20 I, THGCN J7i%7E Diginetica 5 Globo BN #E4E 14 Al T+
T 5.9% 1 5.4%, XAE Yoochoose $0#i4E LRI A AL, Bhah, MAL G770 5 1R B W 48 J7 V5 1) F
FES T, SEIRAE IR BN T L RILA.

BRGT3k. TEFEEG7%H, Ttem-KNN JiEBUS T S dF TR GER DL, 1 POP J7E U EAS T
ZEE . POP Al S-POP J7ZE AR i i A2 2504 45 v W I B3 AT R, Y0 XA i A8 L7
G P GF AT AN AL, TEA IR A - R — kAT N BB, RS R Z | AR, Ttem-KNN
T3 EAE T o 28 LT 0 P BB A8 EL R e A O P . A P R G S bR b D2 il B R R A, SR O
BT LURSE P R 4047 9 L. FPMC J7 VAR 2 0 B R it 2 A S P e, TR A 1 AN
(1 RER L. BPR-MF 773248 F s i 28 6 21 BT A 1 it B S50 1) A D L P e, 18 25 S 3 AR 7
ity B PR 22 S AR A A 4. A ST B O VA RIS TR P A R D G AN R SR A A, B AR LT Mg 35
FHAT AR, BIEAS T I8 Re.

REMLE T E. BT EA SRR IR /1, TR A I 2% 5 A0 L TA% Go o i ORI 1 e
T, i THGCON J7yE RN Ll IR BEHERE 7 VR AR A F S8 — A B RE B, HEZE P A4
J8, 43 A AR 5 S AR P e S A2 AR A T A8 SO R BORT Adam AL SRR AL 2
B X — 282 STHESE AT AR G-t A RE T 1) 2 1 R A2 0 H R P I, PSS I R P R DR, AR 3
] DAE XS AU T AR S AR R AR A R A, SRR B R A AR LG, B
FEH I THGON 7k Rk FEUS 7R AP 4h R X E 2 THGON 78/ SR 2% SIS R P 42
PRI IR TR BRI MGE. AR R AR A ST R THGCON D7 VAR 75 i 52 B 7 52 5 7 il B )
P ) 9 Z A 4 SR PRI 1 0 P, e P PR AR X 28 A HR P2 30 HE 7 FRORFAE 8. T SR-GNN 7 ¥2AR
0t 2 U AR 5 D) ) 1 D R A S S ) T e R, R 114 A 4 X % A R i REAE, At T V2
ZRL Y T AR, R, THGCN A SR-GNN J5 Ak T HA IR BE R 7 6. 75 P D f 42 i A
Puerb Bj T GRUAREC J79%, B B E348 FH A Rl if A0 =3 3 4 10 22 0 1m) . PE 3248 42 ) e Bp I
NARM J5iEMH 74 RNN A4S 2 BSBCR A, STAMP Al SR-GNN 77248 A T KL B2 v = AL
il 1 THGCN J7 2480 FRRAE4E FE G W ARLFE vE 2 0 HLH. R, THGCON B2 ReAEff HuF2 48 i A P ) 4
R GF. 7EAE B R, NARM i 7R By & 0L, i STAMP, SR-GNN Al THGCN
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Table 4 Results with different numbers of graph convolution layers

Yoochoose Diginetica Globo
Number of layers
Recall@20 MRR@20 Recall@20 MRR@20 Recall@20 MRR@20
1 71.58 30.45 52.87 18.31 48.66 15.59
2 71.62 30.56 53.35 18.62 49.38 16.49
3 71.54 30.41 53.04 18.32 47.66 15.67
- »
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. VRATT
" mmm PV-ATT
e
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8
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40 10
Yoochoose Diginetica Globo Yoochoose Diginetica Globo

B 3 (MEMFE) NEIEEIHSIESSTIRERIT L
Figure 3 (Color online) The compared results of different attention schemes. (a) Recall@20; (b) MRR@Q20
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R PR S5 A, 2 JRy s A5 P oG it 52 EL P B BT AT T i (XIS B, 0 =5 0 v A5 PR < 0 P B 52 EL 78 o,
K- RE AT DU S HE P i dr. 236508 3 M EdESE ERSCIR ST R, THGCN JrikiG 1 BHF i
PERER L.

LREE, A IR A7 % THGON I £5 5 70 i i 7 SEACEAR B« H (R 4 JRy i e R R 748
b, B T BRI TERE.

4.6 EEFRBRHDH

TR JEE D) 4% AR 6 i R AT SRR AE B 0 AOARFALE, T G I 2% 2 Ot 1 e R BOR B R2 . (R, A&
TREAT 7RISR A, LSS IE B AS AR I 2% J2 Kot i $ th 5 THGCN HISEI. 3R 4 Jo 1 AR 4G
R, K EGRZEBEN [1,2,3]. Bk b, BB RGRMEZEAH N, VR RIL 2 AT, kL8
I, PERERIUBE 2 TR, A —EVaE A, 0BG AR R BORT LB N i B 4T 7 1 R AR AL, XA T
SR HE AT AR RFAE. AT, ARSI EEARRE, T S e AT 7R i RS I T
AIARIVE AR, AR A 2 N 2 e A (5 8, S SR A 7 RS A PR A 1R BRI, AT 32 8052 ]
PRV i br AN HETR. R, ARSI b, A TR RG24 1 2 B0 E R 2.

4.7 GEBRNNHIISLE S

N T S A IR T B A R A, AR ST T R AL A R 2 R AR R v R U LR AN AT S
PASGAIE A FH v i WL A 2k, & 3 o T 3 A WL 2R B R i T A PR REXS b, e
FIBPUZEEI R E R 2 2. 1% 3 PR IHLHE 23 UKL E = B (ATT) (2% SR-GNN 1), 2
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Figure 4 (Color online) Results of the proposed method with different session lengthes. (a) Yoochoose; (b) Diginetica;
(c) Globo
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Item correlation modeling in interaction sequence for graph con-
volutional session recommendation
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Abstract Session-based recommendation aims to predict the user’s follow-up behavior based on the user’s short-
term behavior in the session and is mostly used in scenarios where the user visits the website anonymously. The
key problem of session-based recommendation is to model collaborative relationships between items to improve
the recommendation performance. Previous methods primarily focused on discovering the interaction sequence
of items to learn correlations between items and only explored the information of adjacent interactive items
without taking into account historical interactive information. Actually, if two items share the same historical
interaction information, they can be considered to have strong relationships. For example, in a session where
the interaction sequences of two items are I1-Is-Is and [1-13-14, the historical interaction information of item I3
and item I are both I;-I>. Thus, item I3 and item I can be deemed as similar. Toward this end, this paper
proposes a new session-based recommendation model named ITHGCN to jointly explore the adjacent interactive
information and the historical interactive information by analyzing the interaction sequence of items in the session.
To learn the item feature from the interactive information, the proposed method introduces the graph structure
to model correlations between items and then uses graph convolutional networks to abstract the item features
from the item correlation graph. The proposed IHGCN method introduces a fine-grained attention mechanism
in the feature dimension level to discover the global preference of users and then integrate the local preference
of users. Based on the learned item features and user preference features, the final recommendation results are
obtained. Experiments conducted on three public datasets show the superiority of the proposed method to the
state-of-the-art methods.

Keywords session-based recommendation, graph convolutional network, item interaction similarity, user pref-
erence, attention mechanism

1082



